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Siamese Neural Network Object Tracking with Distractor-Aware Model

Li Yong, Yang Dedong”, Han Yajun, Song Peng
School of Artificial Intelligence, Hebei University of Technology, Tianjin 300130, China

Abstract Considering that the fully-convolutional siamese network algorithm for object tracking (Siamfc) algorithm
is prone to tracking failure in cases such as heavy occlusion, rotation, illumination variation, scale variation, a
siamese neural-network object-tracking algorithm with the distractor-aware model is proposed. First, the low-layer
structural and high-layer semantic features were extracted from siamese networks; then, they were effectively fused
to improve the representation ability of the feature. Second, the template adaptive strategy was used to update the
template online to improve tracking accuracy in cases of occlusion and rotation. Simultaneously, the distractor-aware
model based on color histogram features was introduced into the algorithm. The target response map was obtained
by weighted fusion to estimate the position of the target while the adjacent frame scale adaptive strategy was used to
estimate the optimal scale. To verify the effectiveness of the proposed algorithm, its performance was compared
with those of various tracking methods on open-source datasets. Experimental results on the standard test dataset of
the 2015™ object tracking show that the overall tracking accuracy and success rate of the proposed algorithm are
0.945 and 0.929, which is 2.9% and 2.8% higher than those of the Siamfc algorithm, respectively. Further, the
proposed algorithm performs with high accuracy and success rate in the aerial test dataset of an unmanned aerial
vehicle (UAV).
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Fig. 2 Algorithmic framework diagram in this paper
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Table 1 Ten sets of video attributes
Length /' Resolution ratio /
Video sequence ) ) Characteristic
frame (pixel X pixel)
David2 537 320X240 In-plane rotation, out-of-plane rotation
Faceoccl 892 352X 288 Occlusion
Illumination variation, occlusion, in-plane rotation,
Faceocc2 812 320240 )
outfoffplane rotation
Subway 175 352X 288 Occlusion, deformation, background clutter
Freemanl 326 360X 240 Scale variation, in-plane rotation, out-of-plane rotation
MountainBike 228 640X 360 Out-of-plane rotation, in-plane rotation., background clutter
Dogl 1350 320X 240 Scale variation, in-plane rotation, out-of-plane rotation
Scale variation, occlusion, fast motion, in-plane rotation,
CarScale 252 640X272
out-of-plane rotation
Football 362 624 X352 Occlusion, in-plane rotation, out-of-plane rotation, background clutter
Illumination variation, out-of-plane rotation, occlusion, deformation,
Basketball 725 576 X432
background clutter
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Fig. 4 Precision plots and success plots of the eight trackers. (a) Success rate; (b) accuracy
2 REREPEAE 10 TP IR R iR 2
Table 2 Tracking errors of tracking algorithms in ten video sequences
Sequence Our Siamfc DSiamM ASLA TLD MEEM MUSTER IVT
MountainBike  5.6199 6.1406 5.7915 8.9727 213.3278 13.0037 8.12 7.416
Faceoccl 10.1931 11.9656 11.4831 77.8108 27.3678 16.9904 14.2932 17.8346
Freemanl 5.9435 6.6078 6.039 104.8774 39.6988 11.3029 8.6361 11.7283
Subway 2.4955 3.254 2.9104 137.6901 159.0114 4.1169 2.2211 130.2318
Football 5.2967 6.7392 5.0698 15.3724 14.2587 5.1423 14.7789 14.8367
CarScale 15.7498 15.318 18.4334 24.9002 50.3495 67.2993 18.6758 11.7225
Basketball 10.4241 22.7174 10.658 82.6266 268.7569 4.2104 4.8487 106.9015
Faceocc2 10.1346 10.7052 10.1493 19.5059 12.2779 10.5872 5.8895 7.1397
Dogl 5.0088 3.004 3.5086 5.8068 4.1903 6.1053 4.0696 4.0764
David2 3.7716 2.8061 3.007 1.5874 4.9788 1.863 1.9849 1.6066
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Table 3 Ten sets of aerial video sequence attributes

) Length /  Resolution ratio / o
Video sequence Characteristic
frame (pixel X pixel)
Wakeboard4 233 1280 X720 Scale variation, aspect ratio change, viewpoint change
Wakeboard10 157 1280 X720 Scale variation, low resolution
Boatl 301 1280 X720 Scale variation
Boat2 267 1280X720 Scale variation
Boat6 269 1280X 720 Scale variation
Scale variation, aspect ratio change, low resolution, partial occlusion,
Boat9 467 1280 720 ST
viewpoint change
Building1 157 1280X 720
Trucks3 179 1280 X720 Low resolution, partial occlusion, background clutter
Occlusion, aspect ratio change, low resolution, partial occlusion,
Card 449 1280 X 720 o
camera motion, similar object
Carb 249 1280 X720 Scale variation

R AGDR T AL AU 51 v RS it
PRI 2 32 5 s 0 2 SR A8 B B 51 a2 o
P03 NS 35 p 808 T LUA A SR 3 7 454

TR 57 Fh RS B 2 A B ) 3R A R 2 MO [k
r L BE R B R R A, K7 iE s TR AUIA LU
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Fig. 6 Success rate and accuracy of various tracking algorithms in aerial video sequences. (a) Accuracy; (b) success rate
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Table 4 Accuracy of tracking algorithms in ten video sequences

Sequence Our MUSTER DSiamM ASLA Siamfc TLD MEEM IVT
Wakeboard4 0.751 0.549 0.588 0.004 0.305 0.077 0.597 0.004
Wakeboard10 1.000 1.000 1.000 0.917 1.000 1.000 1.000 0.248

Boatl 1.000 0.841 1.000 0.990 1.000 0.498 0.658 0.957
Boat2 1.000 1.000 1.000 1.000 1.000 0.397 1.000 1.000
Boat6 0.933 0.892 0.914 0.955 0.922 0.885 0.818 0.981
Boat9 0.953 0.914 0.522 0.829 0.972 0.473 0.469 0.203
Buildingl 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Truck3 1.000 1.000 1.000 1.000 0.207 1.000 1.000 1.000
Car4 0.989 0.998 0.998 0.457 0.296 0.998 0.296 0.450
Carb 1.000 0.908 1.000 1.000 1.000 0.996 0.265 0.743

5 OBERE AL 10 AT 51 b i ) 2

Table 5 Success rate of tracking algorithms in ten video sequences

Sequence Our MUSTER DSiamM ASLA Siamfc TLD MEEM IVT
Wakeboard4 0.434 0.312 0.363 0.009 0.185 0.029 0.348 0.010
Wakeboard10 0.567 0.396 0.631 0.365 0.552 0.437 0.333 0.146

Boatl 0.730 0.731 0.722 0.529 0.740 0.595 0.376 0.612
Boat2 0.748 0.745 0.754 0.773 0.745 0.624 0.618 0.817
Boat6 0.786 0.339 0.774 0.602 0.763 0.346 0.329 0.618
Boat9 0.526 0.332 0.325 0.273 0.534 0.201 0.071 0.116
Building1 0.816 0.803 0.830 0.764 0.742 0.737 0.781 0.793
Truck3 0.613 0.794 0.702 0.832 0.132 0.753 0.694 0.787
Car4 0.756 0.635 0.706 0.362 0.227 0.785 0.244 0.369
Carb 0.757 0.721 0.766 0.521 0.722 0.729 0.412 0.526
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Fig. 7 Actual effect of algorithms in aerial video sequence

4.4 EHEIZEEITM

Oy 36 UE B ) SRR RE L FE AT 2015 H AR BRER
s v 0 3 A I R T G 0 5 R R A R R Y
Al IF I SR 1748 B3 (9 - R 2 L Bk 6 s, AR
Kol T LA BE Siamfe 55 3% B e £ 58 1 1) )%
PR R T AR SO 5T R S R 2
JEAEAE Bl 5 25 SR WS BT B, T T £ Rk e 2 A T 25 A5
B 55400 B O AR B e Bl A AT R R AT T DL
V5 A T B T A AT R R IR

23 72 e BLAI B SRR B B S G AT S 2 RE R
49.53 frame/s, It LA T £ 55 % 9 3 3 32 B T2
Az R ER AR AEL R T BT AR B AR AT S ORE A
HIHH DSiamM Firfif FH i 35 S5 30 10 07 2200 5% L B 4
TRV LR L sh AR e rb i B0 3 40 531 O 58 g ik
THUH ST YEAIRE J1 5 33 500 1 74 7 DRI 5 V6 K i 4R
FHEETE R [F) I, i ) 52 2% B2 4 DSiamM 3395 AR, H
B DSiamM FiE P, 1E BRI 5 0 o, g
ST LB B R S I R K

6 ARV

Table 6 Average speed comparison of the algorithms

Algorithm Our Siamfc MUSTER

DSiamM

ASLA TLD MEEM VT

Speed /(frame * s~ ') 37.2 56.1 3.7

23.9 8.1

27.8 9.9 39.9
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